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(a) Input images (9 of 15 views) (b) Mesh in correspondence (c) Skin details and appearances (d) Animation with fully rigged face model

Figure 1: Given (a) multi-view images, our face modeling framework ToFu uses volumetric sampling to predict (b) accurate
base meshes in consistent topology as well as (c) high-resolution details and appearances. Our efficient pipeline enables (d)
rapid creation of production-quality avatars for animation.

Abstract

High-fidelity face digitization solutions often combine
multi-view stereo (MVS) techniques for 3D reconstruction
and a non-rigid registration step to establish dense corre-
spondence across identities and expressions. A common
problem is the need for manual clean-up after the MVS step,
as 3D scans are typically affected by noise and outliers
and contain hairy surface regions that need to be cleaned
up by artists. Furthermore, mesh registration tends to fail
for extreme facial expressions. Most learning-based meth-
ods use an underlying 3D morphable model (3DMM) to
ensure robustness, but this limits the output accuracy for
extreme facial expressions. In addition, the global bot-
tleneck of regression architectures cannot produce meshes
that tightly fit the ground truth surfaces. We propose ToFu,
Topologically consistent Face from multi-view, a geometry
inference framework that can produce topologically con-
sistent meshes across facial identities and expressions us-
ing a volumetric representation instead of an explicit un-
derlying 3DMM. Our novel progressive mesh generation
network embeds the topological structure of the face in a
feature volume, sampled from geometry-aware local fea-
tures. A coarse-to-fine architecture facilitates dense and
accurate facial mesh predictions in a consistent mesh topol-
ogy. ToFu further captures displacement maps for pore-

level geometric details and facilitates high-quality render-
ing in the form of albedo and specular reflectance maps.
These high-quality assets are readily usable by production
studios for avatar creation, animation and physically-based
skin rendering. We demonstrate state-of-the-art geometric
and correspondence accuracy, while only taking 0.385 sec-
onds to compute a mesh with 10K vertices, which is three
orders of magnitude faster than traditional techniques. The
code and the model are available for research purposes at
https://tianyeli.github.io/tofu.

1. Introduction
Creating high-fidelity digital humans is not only highly

sought after in the film and gaming industry, but is also gain-
ing interest in consumer applications, ranging from telep-
resence in AR/VR to virtual fashion models and virtual as-
sistants. While fully automated single-view avatar digitiza-
tion solutions exist [29, 30, 43, 57, 64], professional studios
still opt for high resolution multi-view images as input, to
ensure the highest possible fidelity and surface coverage in
a controlled setting [8, 24, 26, 41, 42, 47, 51] instead of un-
constrained input data. Typically, high-resolution geometric
details (< 1mm error) are desired along with high resolu-
tion physically-based material properties (at least 4K). Fur-
thermore, to build a fully rigged face model for animation, a
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large number of facial scans and alignments (often over 30)
are performed, typically following some conventions based
on the Facial Action Coding System (FACS).

A typical approach used in production consists of using
a multi-view stereo acquisition process to capture detailed
3D scans of each facial expression, and a non-rigid regis-
tration [8, 37] or inference method [38] is used to warp a
3D face model to each scan in order to ensure consistent
mesh topology. Between these two steps, manual clean-up
is often necessary to remove artifacts and unwanted surface
regions, especially those with facial hair (beards, eyebrows)
as well as teeth and neck regions. The registration process
is often assisted with manual labeling tasks for correspon-
dences and parameter tweaking to ensure accurate fitting. In
a production setting, a completed rig of a person can easily
take up to a week to finalize.

Several recent techniques have been introduced to au-
tomate this process by fitting a 3D model directly to a cali-
brated set of input images. The multi-view stereo face mod-
eling method of [22] is not only particularly slow, but relies
on dynamic sequences and carefully tuned parameters for
each subject to ensure consistent parameterization between
expressions. In particular facial expressions that are not
captured continuously cannot ensure accurate topological
consistencies. More recent deep learning approaches [4, 64]
use a 3D morphable model (3DMM) inference to obtain a
coarse initial facial expression, but require a refinement step
based on optimization to improve fitting accuracy. Those
methods are limited in fitting extreme expressions due to
the constraints of linear 3DMMs and fitting tightly to the
ground-truth face surfaces due to the global nature of their
regression architectures. The additional photometric refine-
ment also tends to fit unwanted regions like facial hair.

We introduce a new volumetric approach for consistent
3D face mesh inference using multi-view images. Instead
of relying explicitly on a mesh-based face model such as
3DMM, our volumetric approach is more general, allowing
it to capture a wider range of expressions and subtle defor-
mation details on the face. Our method is also three orders
of magnitude faster than conventional methods, taking only
0.385 seconds to generate a dense 3D mesh (10K vertices)
as well as produce additional assets for high-fidelity produc-
tion use cases, such as albedo, specular, and high-resolution
displacement maps.

To this end, we propose a progressive mesh generation
network that can infer a topologically consistent mesh di-
rectly. Our volumetric architecture predicts vertex locations
as probability distributions, along with volumetric features
that are extracted using the underlying multi-view geome-
try. The topological structure of the face is embedded into
this architecture using a hierarchical mesh representation
and coarse-to-fine network.

Our experiments show that ToFu is capable of produc-

ing highly accurate geometry consistent with topology au-
tomatically, while existing methods either rely on manual
clean-up and parameter tuning, or are less accurate espe-
cially for subjects with facial hair. Since we can ensure a
consistent parameterization across facial identities and ex-
pressions without any human input, our solution is suitable
for scaled digitization of high-fidelity facial avatars, We
not only reduce the turn around time for production, but
is also provide a critical solution for generating large facial
datasets, which is often associated with excessive manual
labor. Our main contributions are:

• A novel volumetric feature sampling and refinement
model for topologically consistent 3D mesh recon-
struction from multi-view images.

• An appearance capture network to infer high-
resolution skin details and appearance maps, which,
combined with the base mesh, forms a complete pack-
age suitable for production in animation and photore-
alisitic rendering.

• We demonstrate state-of-the-art performance for com-
bined geometry and correspondence accuracy, while
achieving mesh inference at near interactive rates.

• Code and model are publicly available.

2. Related Work
Face Capture. Traditionally, face acquisition is separated
into two steps, 3D face reconstruction and registration [18].
Facial geometry can be captured with laser scanners [36],
passive Multi-View Stereo (MVS) capture systems [7], ded-
icated active photometric stereo systems [24, 42], or depth
sensors based on structured light or time-of-flight sen-
sors. Among these, MVS is the most commonly used
[19, 21, 25, 35, 44, 61]. Although these approaches produce
high-quality geometry, they suffer from heavy computation
due to the pairwise features matching across views, and they
tend to fail in case of sparse view inputs due to the lack of
overlapping neighboring views. More recently, deep neural
networks learn multi-view feature matching for 3D geome-
try reconstruction [27, 32, 34, 52, 65]. Compared to classi-
cal MVS methods, these learning based methods represent
a trade-off between accuracy and efficacy. All these MVS
methods output unstructured meshes, while our method pro-
duces meshes in dense vertex correspondence.

Most registration methods use a template mesh and fit
it to the scan surface by minimizing the distance between
the scan’s surface and the template. For optimization, the
template mesh is commonly parameterized with a statistical
shape space [3, 9, 11, 39] or a general blendshape basis [49].
Other approaches directly optimize the vertices of the tem-
plate mesh using a non-rigid Iterative Closest Point (ICP)
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Figure 2: Overview of our end-to-end face modeling system. Given images captured from multi-views, the progressive
mesh generation network predicts an accurate face mesh in consistent topology. Then the appearance and detail capture net-
work synthesizes high-resolution skin detail and attribute maps, which enables highly detailed geometry and photo-realistic
renderings.

[37], with a statistical model as regularizer [40], or jointly
optimize correspondence across an entire dataset in a group-
wise fashion [13, 66]. For a more thorough review of face
acquisition and registration, see Egger et al. [18]. All these
registration methods solve for facial correspondence inde-
pendent from the data acquisition. Therefore, errors in the
raw scan data propagate into the registration.

Only few methods exist that are similar to our method
of directly outputting high-quality registered 3D faces from
calibrated multi-view input [8, 14, 15, 22]. While sharing a
similar goal, our method goes beyond these approaches in
several significant ways. Unlike our method, they require
calibrated multi-view image sequence input, contain multi-
ple optimization steps (e.g. for building a subject specific
template [22], or anchor frame meshes [8]), and are com-
putationally slow (e.g. 25 minutes per frame for the coarse
mesh reconstruction [22]). ToFu instead takes calibrated
multi-view images as input (i.e. static) and directly out-
puts a high-quality mesh in dense vertex correspondence in
0.385 seconds. Regardless, our method achieves stable re-
construction and registration results for sequence input.
Model-based reconstruction. A large body of work aims
at reconstructing 3D faces from unconstrained images or
monocular videos. To constrain the problem, most methods
estimate the coefficients of a statistical 3D morphable mod-
els (3DMM) in an optimization-based [1, 6, 10, 11, 58] or
learning-based framework [16, 20, 23, 46, 50, 57, 59]. Due
to the use of over-simplified, mostly linear statistical mod-
els, the reconstructed meshes only capture the coarse geom-
etry shape while subtle details are missing. For better gener-
alization to unconstrained conditions, [54, 60] jointly learn
a 3D prior and reconstruct 3D faces from images. Although
monocular reconstruction methods can provide visually ap-
pealing 3D face reconstructions, their accuracy and qual-
ity is not suitable for applications which require metrically
accurate geometry. Recently published work indicates that
existing state-of-the-art monocular 3D face reconstructions
are metrically worse or only marginally better compared to
a static model mean face, when compared to ground truth

3D scans [50]. This comes at little surprise as inferring 3D
geometry from a single image is an ill-posed problem due to
the inherent ambiguity of focal length, scale and shape [5]
as under perspective projection different shapes result in
the same image for different object-camera distances. Our
method instead leverages explicit calibrated multi-view in-
formation to reconstruct metrically accurate 3D geometry.

3. Multi-View Face Inference

As shown in Fig. 2, given images {Ii}Ki=1 in K views
with known camera calibration {Pi}Ki=1, together denoted
as I = {Ii,Pi}Ki=1, the goal of ToFu is two-fold: (1) to re-
construct an accurate base mesh in an artist-designed topol-
ogy, and (2) to estimate pore-level geometric details and
high-quality facial appearance in form of albedo and spec-
ular reflectance maps. Formally, an output base mesh M
contains a list of vertices V ∈ RN×3 and a fixed triangu-
lation T. The base meshes are required to (1) tightly fit
the face surfaces, (2) share a common artist-designed mesh
topology, where each vertex encodes the same semantic in-
terpretation across all meshes, and (3) have a sufficient tri-
angle or quad density (with N > 104 number of vertices).

The key to dense mesh prediction is a coarse-to-fine
network architecture, as shown in Fig. 3. The desired
semantic mesh correspondence is naturally embedded in
the hierarchical architecture. Based on that, the geome-
try is inferred by the following two stages: (1) a coarse
mesh prediction M0, by the global stage V0 = Fg(I);
and (2) iteratively upsampling and refining into the denser
meshes {M1,M2, ...,ML}, by the local stage Vk+1 =
Fl(I,Vk).ML is the final prediction of base meshM.

Conceptually, the global stage mimics a learning-based
MVS, while the local stage provides “updates” as if in an
iterative mesh registration. In contrast to the two traditional
methods, our two steps share consistent correspondence in
a fixed topology and use volumetric features for geometry
inference and surface refinement.
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Figure 3: Overview of the progressive mesh generation network.

3.1. Global Geometry Stage

Volumetric Feature Sampling. In order to extract salient
features to predict surface points in correspondence, we de-
ploy a shared U-Net convolutional network to extract local
2D feature maps Fi for each input image Ii. We sample vol-
umetric features L by bilinearly sampling and fusing image
features at projected coordinates in all images for each local
point v ∈ R3 in the 3D grid G:

L(v) = σ({Fi(Π(v,Pi))}Ki=1), (1)

where Π(·) is the perspective projection function and σ(·)
is a view-wise fusion function, for which common choices
can be max, mean or standard deviation. The 3D grid G is
a set of points on a regular 3D grid, which can be defined
at arbitrary locations with arbitrary shapes. Here we choose
cube grids, as shown in green cubes in Fig. 3 to feed into
3D convolution networks.
Global Geometry Network. To enable the vertex flexibil-
ity, we design the network to predict vertex location free of
the constraint of 3DMMs. To encourage better generaliza-
tion, we design a volumetric network architecture to learn
the probabilistic distribution instead of the absolute location
for each vertex. We define a canonical global grid Gg that
covers the whole captured volume for subject heads. We
apply the volumetric feature sampling (Eq. 1) on the global
grid Gg to obtain the global volumetric feature Lg , similar
to [31, 33]. We deploy the global geometry network Φg , a
3D convolutional network with skip connections, to predict
a probability volume Cg = Φg(Lg), in which each chan-
nel encodes the probability distribution for the location of
a corresponding vertex in the initial meshM0. The vertex
locations are extracted by a per-channel soft-argmax opera-
tion, V0 = E(Cg), similar to that in [33].

3.2. Local Geometry Stage
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eV(j)
k+1

<latexit sha1_base64="8kjq9b9PEt80ZmPlFi9E+rkfNeo="></latexit><latexit sha1_base64="8kjq9b9PEt80ZmPlFi9E+rkfNeo="></latexit><latexit sha1_base64="8kjq9b9PEt80ZmPlFi9E+rkfNeo="></latexit><latexit sha1_base64="8kjq9b9PEt80ZmPlFi9E+rkfNeo="></latexit>

Q
(i,0)
k

<latexit sha1_base64="1fzSLJMbM6/RZmkOZxjYfL1f0vc=">AAAB/nicdVDLSgMxFM3UV62vUcGNm2ARKsiQ0Q52dgU3LluwVmhryaSZNjTzIMkIZZyFv+LGhYpbv8Odf2OmraCiBwKHc+7lnhwv5kwqhD6MwsLi0vJKcbW0tr6xuWVu71zJKBGEtkjEI3HtYUk5C2lLMcXpdSwoDjxO2974PPfbt1RIFoWXahLTXoCHIfMZwUpLfXOvG2A18vy0mfXTcXaTVtgxOsr6ZhlZyHEdG0FkOch2T3PiurWq40DbQlOUwRyNvvneHUQkCWioCMdSdmwUq16KhWKE06zUTSSNMRnjIe1oGuKAyl46zZ/BQ60MoB8J/UIFp+r3jRQHUk4CT0/maeVvLxf/8jqJ8mu9lIVxomhIZof8hEMVwbwMOGCCEsUnmmAimM4KyQgLTJSurKRL+Pop/J+0TizXspvVcr06b6MI9sEBqAAbnIE6uAAN0AIE3IEH8ASejXvj0XgxXmejBWO+swt+wHj7BGmMleA=</latexit><latexit sha1_base64="1fzSLJMbM6/RZmkOZxjYfL1f0vc=">AAAB/nicdVDLSgMxFM3UV62vUcGNm2ARKsiQ0Q52dgU3LluwVmhryaSZNjTzIMkIZZyFv+LGhYpbv8Odf2OmraCiBwKHc+7lnhwv5kwqhD6MwsLi0vJKcbW0tr6xuWVu71zJKBGEtkjEI3HtYUk5C2lLMcXpdSwoDjxO2974PPfbt1RIFoWXahLTXoCHIfMZwUpLfXOvG2A18vy0mfXTcXaTVtgxOsr6ZhlZyHEdG0FkOch2T3PiurWq40DbQlOUwRyNvvneHUQkCWioCMdSdmwUq16KhWKE06zUTSSNMRnjIe1oGuKAyl46zZ/BQ60MoB8J/UIFp+r3jRQHUk4CT0/maeVvLxf/8jqJ8mu9lIVxomhIZof8hEMVwbwMOGCCEsUnmmAimM4KyQgLTJSurKRL+Pop/J+0TizXspvVcr06b6MI9sEBqAAbnIE6uAAN0AIE3IEH8ASejXvj0XgxXmejBWO+swt+wHj7BGmMleA=</latexit><latexit sha1_base64="1fzSLJMbM6/RZmkOZxjYfL1f0vc=">AAAB/nicdVDLSgMxFM3UV62vUcGNm2ARKsiQ0Q52dgU3LluwVmhryaSZNjTzIMkIZZyFv+LGhYpbv8Odf2OmraCiBwKHc+7lnhwv5kwqhD6MwsLi0vJKcbW0tr6xuWVu71zJKBGEtkjEI3HtYUk5C2lLMcXpdSwoDjxO2974PPfbt1RIFoWXahLTXoCHIfMZwUpLfXOvG2A18vy0mfXTcXaTVtgxOsr6ZhlZyHEdG0FkOch2T3PiurWq40DbQlOUwRyNvvneHUQkCWioCMdSdmwUq16KhWKE06zUTSSNMRnjIe1oGuKAyl46zZ/BQ60MoB8J/UIFp+r3jRQHUk4CT0/maeVvLxf/8jqJ8mu9lIVxomhIZof8hEMVwbwMOGCCEsUnmmAimM4KyQgLTJSurKRL+Pop/J+0TizXspvVcr06b6MI9sEBqAAbnIE6uAAN0AIE3IEH8ASejXvj0XgxXmejBWO+swt+wHj7BGmMleA=</latexit><latexit sha1_base64="1fzSLJMbM6/RZmkOZxjYfL1f0vc=">AAAB/nicdVDLSgMxFM3UV62vUcGNm2ARKsiQ0Q52dgU3LluwVmhryaSZNjTzIMkIZZyFv+LGhYpbv8Odf2OmraCiBwKHc+7lnhwv5kwqhD6MwsLi0vJKcbW0tr6xuWVu71zJKBGEtkjEI3HtYUk5C2lLMcXpdSwoDjxO2974PPfbt1RIFoWXahLTXoCHIfMZwUpLfXOvG2A18vy0mfXTcXaTVtgxOsr6ZhlZyHEdG0FkOch2T3PiurWq40DbQlOUwRyNvvneHUQkCWioCMdSdmwUq16KhWKE06zUTSSNMRnjIe1oGuKAyl46zZ/BQ60MoB8J/UIFp+r3jRQHUk4CT0/maeVvLxf/8jqJ8mu9lIVxomhIZof8hEMVwbwMOGCCEsUnmmAimM4KyQgLTJSurKRL+Pop/J+0TizXspvVcr06b6MI9sEBqAAbnIE6uAAN0AIE3IEH8ASejXvj0XgxXmejBWO+swt+wHj7BGmMleA=</latexit> Q
(i,1)
k

<latexit sha1_base64="ul6NeZ7DVk3jRDdGHd16XYpiwrk=">AAAB/nicdVDLSgMxFM3UV62vUcGNm2ARKsiQ0Q52dgU3LluwVmhryaSZNjTzIMkIZZyFv+LGhYpbv8Odf2OmraCiBwKHc+7lnhwv5kwqhD6MwsLi0vJKcbW0tr6xuWVu71zJKBGEtkjEI3HtYUk5C2lLMcXpdSwoDjxO2974PPfbt1RIFoWXahLTXoCHIfMZwUpLfXOvG2A18vy0mfXTcXaTVtixfZT1zTKykOM6NoLIcpDtnubEdWtVx4G2haYogzkaffO9O4hIEtBQEY6l7NgoVr0UC8UIp1mpm0gaYzLGQ9rRNMQBlb10mj+Dh1oZQD8S+oUKTtXvGykOpJwEnp7M08rfXi7+5XUS5dd6KQvjRNGQzA75CYcqgnkZcMAEJYpPNMFEMJ0VkhEWmChdWUmX8PVT+D9pnViuZTer5Xp13kYR7IMDUAE2OAN1cAEaoAUIuAMP4Ak8G/fGo/FivM5GC8Z8Zxf8gPH2CWsRleE=</latexit><latexit sha1_base64="ul6NeZ7DVk3jRDdGHd16XYpiwrk=">AAAB/nicdVDLSgMxFM3UV62vUcGNm2ARKsiQ0Q52dgU3LluwVmhryaSZNjTzIMkIZZyFv+LGhYpbv8Odf2OmraCiBwKHc+7lnhwv5kwqhD6MwsLi0vJKcbW0tr6xuWVu71zJKBGEtkjEI3HtYUk5C2lLMcXpdSwoDjxO2974PPfbt1RIFoWXahLTXoCHIfMZwUpLfXOvG2A18vy0mfXTcXaTVtixfZT1zTKykOM6NoLIcpDtnubEdWtVx4G2haYogzkaffO9O4hIEtBQEY6l7NgoVr0UC8UIp1mpm0gaYzLGQ9rRNMQBlb10mj+Dh1oZQD8S+oUKTtXvGykOpJwEnp7M08rfXi7+5XUS5dd6KQvjRNGQzA75CYcqgnkZcMAEJYpPNMFEMJ0VkhEWmChdWUmX8PVT+D9pnViuZTer5Xp13kYR7IMDUAE2OAN1cAEaoAUIuAMP4Ak8G/fGo/FivM5GC8Z8Zxf8gPH2CWsRleE=</latexit><latexit sha1_base64="ul6NeZ7DVk3jRDdGHd16XYpiwrk=">AAAB/nicdVDLSgMxFM3UV62vUcGNm2ARKsiQ0Q52dgU3LluwVmhryaSZNjTzIMkIZZyFv+LGhYpbv8Odf2OmraCiBwKHc+7lnhwv5kwqhD6MwsLi0vJKcbW0tr6xuWVu71zJKBGEtkjEI3HtYUk5C2lLMcXpdSwoDjxO2974PPfbt1RIFoWXahLTXoCHIfMZwUpLfXOvG2A18vy0mfXTcXaTVtixfZT1zTKykOM6NoLIcpDtnubEdWtVx4G2haYogzkaffO9O4hIEtBQEY6l7NgoVr0UC8UIp1mpm0gaYzLGQ9rRNMQBlb10mj+Dh1oZQD8S+oUKTtXvGykOpJwEnp7M08rfXi7+5XUS5dd6KQvjRNGQzA75CYcqgnkZcMAEJYpPNMFEMJ0VkhEWmChdWUmX8PVT+D9pnViuZTer5Xp13kYR7IMDUAE2OAN1cAEaoAUIuAMP4Ak8G/fGo/FivM5GC8Z8Zxf8gPH2CWsRleE=</latexit><latexit sha1_base64="ul6NeZ7DVk3jRDdGHd16XYpiwrk=">AAAB/nicdVDLSgMxFM3UV62vUcGNm2ARKsiQ0Q52dgU3LluwVmhryaSZNjTzIMkIZZyFv+LGhYpbv8Odf2OmraCiBwKHc+7lnhwv5kwqhD6MwsLi0vJKcbW0tr6xuWVu71zJKBGEtkjEI3HtYUk5C2lLMcXpdSwoDjxO2974PPfbt1RIFoWXahLTXoCHIfMZwUpLfXOvG2A18vy0mfXTcXaTVtixfZT1zTKykOM6NoLIcpDtnubEdWtVx4G2haYogzkaffO9O4hIEtBQEY6l7NgoVr0UC8UIp1mpm0gaYzLGQ9rRNMQBlb10mj+Dh1oZQD8S+oUKTtXvGykOpJwEnp7M08rfXi7+5XUS5dd6KQvjRNGQzA75CYcqgnkZcMAEJYpPNMFEMJ0VkhEWmChdWUmX8PVT+D9pnViuZTer5Xp13kYR7IMDUAE2OAN1cAEaoAUIuAMP4Ak8G/fGo/FivM5GC8Z8Zxf8gPH2CWsRleE=</latexit>

eV(j)
k+1

<latexit sha1_base64="8kjq9b9PEt80ZmPlFi9E+rkfNeo="></latexit><latexit sha1_base64="8kjq9b9PEt80ZmPlFi9E+rkfNeo="></latexit><latexit sha1_base64="8kjq9b9PEt80ZmPlFi9E+rkfNeo="></latexit><latexit sha1_base64="8kjq9b9PEt80ZmPlFi9E+rkfNeo="></latexit>

V
(j)
k+1

<latexit sha1_base64="u236nf9jx2u6GYZ3UIHFJBoFzag=">AAAB/nicdVDLSgMxFM3UV62vquDGTbAIFaFkSmvbXcGNywr2Ae04ZNJMG5t5kGSEMs7CX3HjQsWt3+HOvzHTVlDRA4HDOfdyT44TciYVQh9GZml5ZXUtu57b2Nza3snv7nVkEAlC2yTggeg5WFLOfNpWTHHaCwXFnsNp15mcp373lgrJAv9KTUNqeXjkM5cRrLRk5w8GHlZjx407iR1PTs3kOi7enCR2voBK5Spq1OoQlarIbFTKmiBUb5whaGqSogAWaNn598EwIJFHfUU4lrJvolBZMRaKEU6T3CCSNMRkgke0r6mPPSqteJY/gcdaGUI3EPr5Cs7U7xsx9qSceo6eTNPK314q/uX1I+XWrZj5YaSoT+aH3IhDFcC0DDhkghLFp5pgIpjOCskYC0yUriynS/j6KfyftMulRsm8rBSalUUbWXAIjkARmKAGmuACtEAbEHAHHsATeDbujUfjxXidj2aMxc4++AHj7RNtRZXj</latexit><latexit sha1_base64="u236nf9jx2u6GYZ3UIHFJBoFzag=">AAAB/nicdVDLSgMxFM3UV62vquDGTbAIFaFkSmvbXcGNywr2Ae04ZNJMG5t5kGSEMs7CX3HjQsWt3+HOvzHTVlDRA4HDOfdyT44TciYVQh9GZml5ZXUtu57b2Nza3snv7nVkEAlC2yTggeg5WFLOfNpWTHHaCwXFnsNp15mcp373lgrJAv9KTUNqeXjkM5cRrLRk5w8GHlZjx407iR1PTs3kOi7enCR2voBK5Spq1OoQlarIbFTKmiBUb5whaGqSogAWaNn598EwIJFHfUU4lrJvolBZMRaKEU6T3CCSNMRkgke0r6mPPSqteJY/gcdaGUI3EPr5Cs7U7xsx9qSceo6eTNPK314q/uX1I+XWrZj5YaSoT+aH3IhDFcC0DDhkghLFp5pgIpjOCskYC0yUriynS/j6KfyftMulRsm8rBSalUUbWXAIjkARmKAGmuACtEAbEHAHHsATeDbujUfjxXidj2aMxc4++AHj7RNtRZXj</latexit><latexit sha1_base64="u236nf9jx2u6GYZ3UIHFJBoFzag=">AAAB/nicdVDLSgMxFM3UV62vquDGTbAIFaFkSmvbXcGNywr2Ae04ZNJMG5t5kGSEMs7CX3HjQsWt3+HOvzHTVlDRA4HDOfdyT44TciYVQh9GZml5ZXUtu57b2Nza3snv7nVkEAlC2yTggeg5WFLOfNpWTHHaCwXFnsNp15mcp373lgrJAv9KTUNqeXjkM5cRrLRk5w8GHlZjx407iR1PTs3kOi7enCR2voBK5Spq1OoQlarIbFTKmiBUb5whaGqSogAWaNn598EwIJFHfUU4lrJvolBZMRaKEU6T3CCSNMRkgke0r6mPPSqteJY/gcdaGUI3EPr5Cs7U7xsx9qSceo6eTNPK314q/uX1I+XWrZj5YaSoT+aH3IhDFcC0DDhkghLFp5pgIpjOCskYC0yUriynS/j6KfyftMulRsm8rBSalUUbWXAIjkARmKAGmuACtEAbEHAHHsATeDbujUfjxXidj2aMxc4++AHj7RNtRZXj</latexit><latexit sha1_base64="u236nf9jx2u6GYZ3UIHFJBoFzag=">AAAB/nicdVDLSgMxFM3UV62vquDGTbAIFaFkSmvbXcGNywr2Ae04ZNJMG5t5kGSEMs7CX3HjQsWt3+HOvzHTVlDRA4HDOfdyT44TciYVQh9GZml5ZXUtu57b2Nza3snv7nVkEAlC2yTggeg5WFLOfNpWTHHaCwXFnsNp15mcp373lgrJAv9KTUNqeXjkM5cRrLRk5w8GHlZjx407iR1PTs3kOi7enCR2voBK5Spq1OoQlarIbFTKmiBUb5whaGqSogAWaNn598EwIJFHfUU4lrJvolBZMRaKEU6T3CCSNMRkgke0r6mPPSqteJY/gcdaGUI3EPr5Cs7U7xsx9qSceo6eTNPK314q/uX1I+XWrZj5YaSoT+aH3IhDFcC0DDhkghLFp5pgIpjOCskYC0yUriynS/j6KfyftMulRsm8rBSalUUbWXAIjkARmKAGmuACtEAbEHAHHsATeDbujUfjxXidj2aMxc4++AHj7RNtRZXj</latexit>

d
<latexit sha1_base64="Vuphs4CHniIFJEv9clZw2NOaRwM=">AAAB53icdVDLSsNAFJ3UV62vqks3g0VwFSYxxWZXcOOyBWMLbSiTybQdO5mEmYlQQr/AjQsVt/6SO//G6UNQ0QMXDufcy733RBlnSiP0YZXW1jc2t8rblZ3dvf2D6uHRrUpzSWhAUp7KboQV5UzQQDPNaTeTFCcRp51ocjX3O/dUKpaKGz3NaJjgkWBDRrA2UjseVGvI9n3keXWI7DpyXbdhCLpwG74DHRstUAMrtAbV936ckjyhQhOOleo5KNNhgaVmhNNZpZ8rmmEywSPaM1TghKqwWBw6g2dGieEwlaaEhgv1+0SBE6WmSWQ6E6zH6rc3F//yerkeNsKCiSzXVJDlomHOoU7h/GsYM0mJ5lNDMJHM3ArJGEtMtMmmYkL4+hT+TwLX9m2n7dWa3iqNMjgBp+AcOOASNME1aIEAEEDBA3gCz9ad9Wi9WK/L1pK1mjkGP2C9fQKbyYz3</latexit><latexit sha1_base64="Vuphs4CHniIFJEv9clZw2NOaRwM=">AAAB53icdVDLSsNAFJ3UV62vqks3g0VwFSYxxWZXcOOyBWMLbSiTybQdO5mEmYlQQr/AjQsVt/6SO//G6UNQ0QMXDufcy733RBlnSiP0YZXW1jc2t8rblZ3dvf2D6uHRrUpzSWhAUp7KboQV5UzQQDPNaTeTFCcRp51ocjX3O/dUKpaKGz3NaJjgkWBDRrA2UjseVGvI9n3keXWI7DpyXbdhCLpwG74DHRstUAMrtAbV936ckjyhQhOOleo5KNNhgaVmhNNZpZ8rmmEywSPaM1TghKqwWBw6g2dGieEwlaaEhgv1+0SBE6WmSWQ6E6zH6rc3F//yerkeNsKCiSzXVJDlomHOoU7h/GsYM0mJ5lNDMJHM3ArJGEtMtMmmYkL4+hT+TwLX9m2n7dWa3iqNMjgBp+AcOOASNME1aIEAEEDBA3gCz9ad9Wi9WK/L1pK1mjkGP2C9fQKbyYz3</latexit><latexit sha1_base64="Vuphs4CHniIFJEv9clZw2NOaRwM=">AAAB53icdVDLSsNAFJ3UV62vqks3g0VwFSYxxWZXcOOyBWMLbSiTybQdO5mEmYlQQr/AjQsVt/6SO//G6UNQ0QMXDufcy733RBlnSiP0YZXW1jc2t8rblZ3dvf2D6uHRrUpzSWhAUp7KboQV5UzQQDPNaTeTFCcRp51ocjX3O/dUKpaKGz3NaJjgkWBDRrA2UjseVGvI9n3keXWI7DpyXbdhCLpwG74DHRstUAMrtAbV936ckjyhQhOOleo5KNNhgaVmhNNZpZ8rmmEywSPaM1TghKqwWBw6g2dGieEwlaaEhgv1+0SBE6WmSWQ6E6zH6rc3F//yerkeNsKCiSzXVJDlomHOoU7h/GsYM0mJ5lNDMJHM3ArJGEtMtMmmYkL4+hT+TwLX9m2n7dWa3iqNMjgBp+AcOOASNME1aIEAEEDBA3gCz9ad9Wi9WK/L1pK1mjkGP2C9fQKbyYz3</latexit><latexit sha1_base64="Vuphs4CHniIFJEv9clZw2NOaRwM=">AAAB53icdVDLSsNAFJ3UV62vqks3g0VwFSYxxWZXcOOyBWMLbSiTybQdO5mEmYlQQr/AjQsVt/6SO//G6UNQ0QMXDufcy733RBlnSiP0YZXW1jc2t8rblZ3dvf2D6uHRrUpzSWhAUp7KboQV5UzQQDPNaTeTFCcRp51ocjX3O/dUKpaKGz3NaJjgkWBDRrA2UjseVGvI9n3keXWI7DpyXbdhCLpwG74DHRstUAMrtAbV936ckjyhQhOOleo5KNNhgaVmhNNZpZ8rmmEywSPaM1TghKqwWBw6g2dGieEwlaaEhgv1+0SBE6WmSWQ6E6zH6rc3F//yerkeNsKCiSzXVJDlomHOoU7h/GsYM0mJ5lNDMJHM3ArJGEtMtMmmYkL4+hT+TwLX9m2n7dWa3iqNMjgBp+AcOOASNME1aIEAEEDBA3gCz9ad9Wi9WK/L1pK1mjkGP2C9fQKbyYz3</latexit>

V
(j)
k+1

<latexit sha1_base64="h0OzgzbX7ZnsYkAIuyQmDJcUo1Q=">AAAB/nicdVDLSgMxFM3UV62vquDGTbAIFWHIaAc7u4IblxXsA9paMmmmjc08SDJCGWfhr7hxoeLW73Dn35hpK6jogcDhnHu5J8eNOJMKoQ8jt7C4tLySXy2srW9sbhW3d5oyjAWhDRLyULRdLClnAW0opjhtR4Ji3+W05Y7PM791S4VkYXClJhHt+XgYMI8RrLTUL+51faxGrpc0034yPrbS66R8c5T2iyVkItuxLQSRaSPLOc2I41Qrtg0tE01RAnPU+8X37iAksU8DRTiWsmOhSPUSLBQjnKaFbixphMkYD2lH0wD7VPaSaf4UHmplAL1Q6BcoOFW/byTYl3Liu3oySyt/e5n4l9eJlVftJSyIYkUDMjvkxRyqEGZlwAETlCg+0QQTwXRWSEZYYKJ0ZQVdwtdP4f+kcWI6pnVZKdUq8zbyYB8cgDKwwBmogQtQBw1AwB14AE/g2bg3Ho0X43U2mjPmO7vgB4y3T3DeleY=</latexit><latexit sha1_base64="h0OzgzbX7ZnsYkAIuyQmDJcUo1Q=">AAAB/nicdVDLSgMxFM3UV62vquDGTbAIFWHIaAc7u4IblxXsA9paMmmmjc08SDJCGWfhr7hxoeLW73Dn35hpK6jogcDhnHu5J8eNOJMKoQ8jt7C4tLySXy2srW9sbhW3d5oyjAWhDRLyULRdLClnAW0opjhtR4Ji3+W05Y7PM791S4VkYXClJhHt+XgYMI8RrLTUL+51faxGrpc0034yPrbS66R8c5T2iyVkItuxLQSRaSPLOc2I41Qrtg0tE01RAnPU+8X37iAksU8DRTiWsmOhSPUSLBQjnKaFbixphMkYD2lH0wD7VPaSaf4UHmplAL1Q6BcoOFW/byTYl3Liu3oySyt/e5n4l9eJlVftJSyIYkUDMjvkxRyqEGZlwAETlCg+0QQTwXRWSEZYYKJ0ZQVdwtdP4f+kcWI6pnVZKdUq8zbyYB8cgDKwwBmogQtQBw1AwB14AE/g2bg3Ho0X43U2mjPmO7vgB4y3T3DeleY=</latexit><latexit sha1_base64="h0OzgzbX7ZnsYkAIuyQmDJcUo1Q=">AAAB/nicdVDLSgMxFM3UV62vquDGTbAIFWHIaAc7u4IblxXsA9paMmmmjc08SDJCGWfhr7hxoeLW73Dn35hpK6jogcDhnHu5J8eNOJMKoQ8jt7C4tLySXy2srW9sbhW3d5oyjAWhDRLyULRdLClnAW0opjhtR4Ji3+W05Y7PM791S4VkYXClJhHt+XgYMI8RrLTUL+51faxGrpc0034yPrbS66R8c5T2iyVkItuxLQSRaSPLOc2I41Qrtg0tE01RAnPU+8X37iAksU8DRTiWsmOhSPUSLBQjnKaFbixphMkYD2lH0wD7VPaSaf4UHmplAL1Q6BcoOFW/byTYl3Liu3oySyt/e5n4l9eJlVftJSyIYkUDMjvkxRyqEGZlwAETlCg+0QQTwXRWSEZYYKJ0ZQVdwtdP4f+kcWI6pnVZKdUq8zbyYB8cgDKwwBmogQtQBw1AwB14AE/g2bg3Ho0X43U2mjPmO7vgB4y3T3DeleY=</latexit><latexit sha1_base64="h0OzgzbX7ZnsYkAIuyQmDJcUo1Q=">AAAB/nicdVDLSgMxFM3UV62vquDGTbAIFWHIaAc7u4IblxXsA9paMmmmjc08SDJCGWfhr7hxoeLW73Dn35hpK6jogcDhnHu5J8eNOJMKoQ8jt7C4tLySXy2srW9sbhW3d5oyjAWhDRLyULRdLClnAW0opjhtR4Ji3+W05Y7PM791S4VkYXClJhHt+XgYMI8RrLTUL+51faxGrpc0034yPrbS66R8c5T2iyVkItuxLQSRaSPLOc2I41Qrtg0tE01RAnPU+8X37iAksU8DRTiWsmOhSPUSLBQjnKaFbixphMkYD2lH0wD7VPaSaf4UHmplAL1Q6BcoOFW/byTYl3Liu3oySyt/e5n4l9eJlVftJSyIYkUDMjvkxRyqEGZlwAETlCg+0QQTwXRWSEZYYKJ0ZQVdwtdP4f+kcWI6pnVZKdUq8zbyYB8cgDKwwBmogQtQBw1AwB14AE/g2bg3Ho0X43U2mjPmO7vgB4y3T3DeleY=</latexit>

Step 1: upsampling operator Step 2: local refinement network

M0
<latexit sha1_base64="KmQFBX2LfyB68S+JOpwKJs05M8U=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyI4GNVcONGqODYQjuUTJppQzPJmGQKZeh3uHGh4tafceffmGlnoa0HAodz7uWenDDhTBvX/XZKK6tr6xvlzcrW9s7uXnX/4FHLVBHqE8mlaodYU84E9Q0znLYTRXEcctoKRze53xpTpZkUD2aS0CDGA8EiRrCxUtCNsRkSzLO7ac/tVWtu3Z0BLROvIDUo0OxVv7p9SdKYCkM41rrjuYkJMqwMI5xOK91U0wSTER7QjqUCx1QH2Sz0FJ1YpY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPVVsCd7il5eJf1a/qnv357XGddFGGY7gGE7BgwtowC00wQcCT/AMr/DmjJ0X5935mI+WnGLnEP7A+fwBFfyR0g==</latexit><latexit sha1_base64="KmQFBX2LfyB68S+JOpwKJs05M8U=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyI4GNVcONGqODYQjuUTJppQzPJmGQKZeh3uHGh4tafceffmGlnoa0HAodz7uWenDDhTBvX/XZKK6tr6xvlzcrW9s7uXnX/4FHLVBHqE8mlaodYU84E9Q0znLYTRXEcctoKRze53xpTpZkUD2aS0CDGA8EiRrCxUtCNsRkSzLO7ac/tVWtu3Z0BLROvIDUo0OxVv7p9SdKYCkM41rrjuYkJMqwMI5xOK91U0wSTER7QjqUCx1QH2Sz0FJ1YpY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPVVsCd7il5eJf1a/qnv357XGddFGGY7gGE7BgwtowC00wQcCT/AMr/DmjJ0X5935mI+WnGLnEP7A+fwBFfyR0g==</latexit><latexit sha1_base64="KmQFBX2LfyB68S+JOpwKJs05M8U=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyI4GNVcONGqODYQjuUTJppQzPJmGQKZeh3uHGh4tafceffmGlnoa0HAodz7uWenDDhTBvX/XZKK6tr6xvlzcrW9s7uXnX/4FHLVBHqE8mlaodYU84E9Q0znLYTRXEcctoKRze53xpTpZkUD2aS0CDGA8EiRrCxUtCNsRkSzLO7ac/tVWtu3Z0BLROvIDUo0OxVv7p9SdKYCkM41rrjuYkJMqwMI5xOK91U0wSTER7QjqUCx1QH2Sz0FJ1YpY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPVVsCd7il5eJf1a/qnv357XGddFGGY7gGE7BgwtowC00wQcCT/AMr/DmjJ0X5935mI+WnGLnEP7A+fwBFfyR0g==</latexit><latexit sha1_base64="KmQFBX2LfyB68S+JOpwKJs05M8U=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyI4GNVcONGqODYQjuUTJppQzPJmGQKZeh3uHGh4tafceffmGlnoa0HAodz7uWenDDhTBvX/XZKK6tr6xvlzcrW9s7uXnX/4FHLVBHqE8mlaodYU84E9Q0znLYTRXEcctoKRze53xpTpZkUD2aS0CDGA8EiRrCxUtCNsRkSzLO7ac/tVWtu3Z0BLROvIDUo0OxVv7p9SdKYCkM41rrjuYkJMqwMI5xOK91U0wSTER7QjqUCx1QH2Sz0FJ1YpY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPVVsCd7il5eJf1a/qnv357XGddFGGY7gGE7BgwtowC00wQcCT/AMr/DmjJ0X5935mI+WnGLnEP7A+fwBFfyR0g==</latexit>

M1<latexit sha1_base64="46Ns4Di3DNTUoJgtdOeEAfOz2d8=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyI4GNVcONGqODYQjuUTJppQzPJmGQKZeh3uHGh4tafceffmGlnoa0HAodz7uWenDDhTBvX/XZKK6tr6xvlzcrW9s7uXnX/4FHLVBHqE8mlaodYU84E9Q0znLYTRXEcctoKRze53xpTpZkUD2aS0CDGA8EiRrCxUtCNsRkSzLO7ac/rVWtu3Z0BLROvIDUo0OxVv7p9SdKYCkM41rrjuYkJMqwMI5xOK91U0wSTER7QjqUCx1QH2Sz0FJ1YpY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPVVsCd7il5eJf1a/qnv357XGddFGGY7gGE7BgwtowC00wQcCT/AMr/DmjJ0X5935mI+WnGLnEP7A+fwBF3+R0w==</latexit><latexit sha1_base64="46Ns4Di3DNTUoJgtdOeEAfOz2d8=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyI4GNVcONGqODYQjuUTJppQzPJmGQKZeh3uHGh4tafceffmGlnoa0HAodz7uWenDDhTBvX/XZKK6tr6xvlzcrW9s7uXnX/4FHLVBHqE8mlaodYU84E9Q0znLYTRXEcctoKRze53xpTpZkUD2aS0CDGA8EiRrCxUtCNsRkSzLO7ac/rVWtu3Z0BLROvIDUo0OxVv7p9SdKYCkM41rrjuYkJMqwMI5xOK91U0wSTER7QjqUCx1QH2Sz0FJ1YpY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPVVsCd7il5eJf1a/qnv357XGddFGGY7gGE7BgwtowC00wQcCT/AMr/DmjJ0X5935mI+WnGLnEP7A+fwBF3+R0w==</latexit><latexit sha1_base64="46Ns4Di3DNTUoJgtdOeEAfOz2d8=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyI4GNVcONGqODYQjuUTJppQzPJmGQKZeh3uHGh4tafceffmGlnoa0HAodz7uWenDDhTBvX/XZKK6tr6xvlzcrW9s7uXnX/4FHLVBHqE8mlaodYU84E9Q0znLYTRXEcctoKRze53xpTpZkUD2aS0CDGA8EiRrCxUtCNsRkSzLO7ac/rVWtu3Z0BLROvIDUo0OxVv7p9SdKYCkM41rrjuYkJMqwMI5xOK91U0wSTER7QjqUCx1QH2Sz0FJ1YpY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPVVsCd7il5eJf1a/qnv357XGddFGGY7gGE7BgwtowC00wQcCT/AMr/DmjJ0X5935mI+WnGLnEP7A+fwBF3+R0w==</latexit><latexit sha1_base64="46Ns4Di3DNTUoJgtdOeEAfOz2d8=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyI4GNVcONGqODYQjuUTJppQzPJmGQKZeh3uHGh4tafceffmGlnoa0HAodz7uWenDDhTBvX/XZKK6tr6xvlzcrW9s7uXnX/4FHLVBHqE8mlaodYU84E9Q0znLYTRXEcctoKRze53xpTpZkUD2aS0CDGA8EiRrCxUtCNsRkSzLO7ac/rVWtu3Z0BLROvIDUo0OxVv7p9SdKYCkM41rrjuYkJMqwMI5xOK91U0wSTER7QjqUCx1QH2Sz0FJ1YpY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPVVsCd7il5eJf1a/qnv357XGddFGGY7gGE7BgwtowC00wQcCT/AMr/DmjJ0X5935mI+WnGLnEP7A+fwBF3+R0w==</latexit> M2<latexit sha1_base64="9Ts4T5rdPYuYyEPN3UDTBnqEkH8=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclZki+FgV3LgRKji20A4lk2ba0EwyJplCGfodblyouPVn3Pk3ZtpZaOuBwOGce7knJ0w408Z1v52V1bX1jc3SVnl7Z3dvv3Jw+Khlqgj1ieRStUOsKWeC+oYZTtuJojgOOW2Fo5vcb42p0kyKBzNJaBDjgWARI9hYKejG2AwJ5tndtFfvVapuzZ0BLROvIFUo0OxVvrp9SdKYCkM41rrjuYkJMqwMI5xOy91U0wSTER7QjqUCx1QH2Sz0FJ1apY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPZVtCd7il5eJX69d1bz782rjumijBMdwAmfgwQU04Baa4AOBJ3iGV3hzxs6L8+58zEdXnGLnCP7A+fwBGQKR1A==</latexit><latexit sha1_base64="9Ts4T5rdPYuYyEPN3UDTBnqEkH8=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclZki+FgV3LgRKji20A4lk2ba0EwyJplCGfodblyouPVn3Pk3ZtpZaOuBwOGce7knJ0w408Z1v52V1bX1jc3SVnl7Z3dvv3Jw+Khlqgj1ieRStUOsKWeC+oYZTtuJojgOOW2Fo5vcb42p0kyKBzNJaBDjgWARI9hYKejG2AwJ5tndtFfvVapuzZ0BLROvIFUo0OxVvrp9SdKYCkM41rrjuYkJMqwMI5xOy91U0wSTER7QjqUCx1QH2Sz0FJ1apY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPZVtCd7il5eJX69d1bz782rjumijBMdwAmfgwQU04Baa4AOBJ3iGV3hzxs6L8+58zEdXnGLnCP7A+fwBGQKR1A==</latexit><latexit sha1_base64="9Ts4T5rdPYuYyEPN3UDTBnqEkH8=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclZki+FgV3LgRKji20A4lk2ba0EwyJplCGfodblyouPVn3Pk3ZtpZaOuBwOGce7knJ0w408Z1v52V1bX1jc3SVnl7Z3dvv3Jw+Khlqgj1ieRStUOsKWeC+oYZTtuJojgOOW2Fo5vcb42p0kyKBzNJaBDjgWARI9hYKejG2AwJ5tndtFfvVapuzZ0BLROvIFUo0OxVvrp9SdKYCkM41rrjuYkJMqwMI5xOy91U0wSTER7QjqUCx1QH2Sz0FJ1apY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPZVtCd7il5eJX69d1bz782rjumijBMdwAmfgwQU04Baa4AOBJ3iGV3hzxs6L8+58zEdXnGLnCP7A+fwBGQKR1A==</latexit><latexit sha1_base64="9Ts4T5rdPYuYyEPN3UDTBnqEkH8=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclZki+FgV3LgRKji20A4lk2ba0EwyJplCGfodblyouPVn3Pk3ZtpZaOuBwOGce7knJ0w408Z1v52V1bX1jc3SVnl7Z3dvv3Jw+Khlqgj1ieRStUOsKWeC+oYZTtuJojgOOW2Fo5vcb42p0kyKBzNJaBDjgWARI9hYKejG2AwJ5tndtFfvVapuzZ0BLROvIFUo0OxVvrp9SdKYCkM41rrjuYkJMqwMI5xOy91U0wSTER7QjqUCx1QH2Sz0FJ1apY8iqewTBs3U3xsZjrWexKGdzEPqRS8X//M6qYkug4yJJDVUkPmhKOXISJQ3gPpMUWL4xBJMFLNZERlihYmxPZVtCd7il5eJX69d1bz782rjumijBMdwAmfgwQU04Baa4AOBJ3iGV3hzxs6L8+58zEdXnGLnCP7A+fwBGQKR1A==</latexit> M3
<latexit sha1_base64="rqqTJtTvhCNxw0887DRRdGlddkk=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyo4GNVcONGqODYQjuUTJppQ5PMmGQKZeh3uHGh4tafceffmGlnodUDgcM593JPTphwpo3rfjmlpeWV1bXyemVjc2t7p7q796DjVBHqk5jHqh1iTTmT1DfMcNpOFMUi5LQVjq5zvzWmSrNY3ptJQgOBB5JFjGBjpaArsBkSzLPbae+0V625dXcG9Jd4BalBgWav+tntxyQVVBrCsdYdz01MkGFlGOF0WummmiaYjPCAdiyVWFAdZLPQU3RklT6KYmWfNGim/tzIsNB6IkI7mYfUi14u/ud1UhNdBBmTSWqoJPNDUcqRiVHeAOozRYnhE0swUcxmRWSIFSbG9lSxJXiLX/5L/JP6Zd27O6s1roo2ynAAh3AMHpxDA26gCT4QeIQneIFXZ+w8O2/O+3y05BQ7+/ALzsc3GoWR1Q==</latexit><latexit sha1_base64="rqqTJtTvhCNxw0887DRRdGlddkk=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyo4GNVcONGqODYQjuUTJppQ5PMmGQKZeh3uHGh4tafceffmGlnodUDgcM593JPTphwpo3rfjmlpeWV1bXyemVjc2t7p7q796DjVBHqk5jHqh1iTTmT1DfMcNpOFMUi5LQVjq5zvzWmSrNY3ptJQgOBB5JFjGBjpaArsBkSzLPbae+0V625dXcG9Jd4BalBgWav+tntxyQVVBrCsdYdz01MkGFlGOF0WummmiaYjPCAdiyVWFAdZLPQU3RklT6KYmWfNGim/tzIsNB6IkI7mYfUi14u/ud1UhNdBBmTSWqoJPNDUcqRiVHeAOozRYnhE0swUcxmRWSIFSbG9lSxJXiLX/5L/JP6Zd27O6s1roo2ynAAh3AMHpxDA26gCT4QeIQneIFXZ+w8O2/O+3y05BQ7+/ALzsc3GoWR1Q==</latexit><latexit sha1_base64="rqqTJtTvhCNxw0887DRRdGlddkk=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyo4GNVcONGqODYQjuUTJppQ5PMmGQKZeh3uHGh4tafceffmGlnodUDgcM593JPTphwpo3rfjmlpeWV1bXyemVjc2t7p7q796DjVBHqk5jHqh1iTTmT1DfMcNpOFMUi5LQVjq5zvzWmSrNY3ptJQgOBB5JFjGBjpaArsBkSzLPbae+0V625dXcG9Jd4BalBgWav+tntxyQVVBrCsdYdz01MkGFlGOF0WummmiaYjPCAdiyVWFAdZLPQU3RklT6KYmWfNGim/tzIsNB6IkI7mYfUi14u/ud1UhNdBBmTSWqoJPNDUcqRiVHeAOozRYnhE0swUcxmRWSIFSbG9lSxJXiLX/5L/JP6Zd27O6s1roo2ynAAh3AMHpxDA26gCT4QeIQneIFXZ+w8O2/O+3y05BQ7+/ALzsc3GoWR1Q==</latexit><latexit sha1_base64="rqqTJtTvhCNxw0887DRRdGlddkk=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyo4GNVcONGqODYQjuUTJppQ5PMmGQKZeh3uHGh4tafceffmGlnodUDgcM593JPTphwpo3rfjmlpeWV1bXyemVjc2t7p7q796DjVBHqk5jHqh1iTTmT1DfMcNpOFMUi5LQVjq5zvzWmSrNY3ptJQgOBB5JFjGBjpaArsBkSzLPbae+0V625dXcG9Jd4BalBgWav+tntxyQVVBrCsdYdz01MkGFlGOF0WummmiaYjPCAdiyVWFAdZLPQU3RklT6KYmWfNGim/tzIsNB6IkI7mYfUi14u/ud1UhNdBBmTSWqoJPNDUcqRiVHeAOozRYnhE0swUcxmRWSIFSbG9lSxJXiLX/5L/JP6Zd27O6s1roo2ynAAh3AMHpxDA26gCT4QeIQneIFXZ+w8O2/O+3y05BQ7+/ALzsc3GoWR1Q==</latexit>

Fl(·)
<latexit sha1_base64="ESeWGPgd5P5TxbhvfAyQyCq1LGQ=">AAAB/HicdVDLSgMxFM34rPU1PnZugkWomyFTqu2Ai4IgLitYW2hLyWTSNjSTGZKMUIfir7hxoeLWD3Hn35hpK6jogcDhnHu5J8ePOVMaoQ9rYXFpeWU1t5Zf39jc2rZ3dm9UlEhCGyTikWz5WFHOBG1opjltxZLi0Oe06Y/OM795S6VikbjW45h2QzwQrM8I1kbq2fudEOshwTy9mPR4sUOCSB/37AJy0KlXRQgip4xKVTcjnndSrrjQddAUBTBHvWe/d4KIJCEVmnCsVNtFse6mWGpGOJ3kO4miMSYjPKBtQwUOqeqm0/QTeGSUAPYjaZ7QcKp+30hxqNQ49M1kllX99jLxL6+d6H61mzIRJ5oKMjvUTzjUEcyqgAGTlGg+NgQTyUxWSIZYYqJNYXlTwtdP4f+kUXI8x70qF2pn8zZy4AAcgiJwQQXUwCWogwYg4A48gCfwbN1bj9aL9TobXbDmO3vgB6y3TwBOlSA=</latexit><latexit sha1_base64="ESeWGPgd5P5TxbhvfAyQyCq1LGQ=">AAAB/HicdVDLSgMxFM34rPU1PnZugkWomyFTqu2Ai4IgLitYW2hLyWTSNjSTGZKMUIfir7hxoeLWD3Hn35hpK6jogcDhnHu5J8ePOVMaoQ9rYXFpeWU1t5Zf39jc2rZ3dm9UlEhCGyTikWz5WFHOBG1opjltxZLi0Oe06Y/OM795S6VikbjW45h2QzwQrM8I1kbq2fudEOshwTy9mPR4sUOCSB/37AJy0KlXRQgip4xKVTcjnndSrrjQddAUBTBHvWe/d4KIJCEVmnCsVNtFse6mWGpGOJ3kO4miMSYjPKBtQwUOqeqm0/QTeGSUAPYjaZ7QcKp+30hxqNQ49M1kllX99jLxL6+d6H61mzIRJ5oKMjvUTzjUEcyqgAGTlGg+NgQTyUxWSIZYYqJNYXlTwtdP4f+kUXI8x70qF2pn8zZy4AAcgiJwQQXUwCWogwYg4A48gCfwbN1bj9aL9TobXbDmO3vgB6y3TwBOlSA=</latexit><latexit sha1_base64="ESeWGPgd5P5TxbhvfAyQyCq1LGQ=">AAAB/HicdVDLSgMxFM34rPU1PnZugkWomyFTqu2Ai4IgLitYW2hLyWTSNjSTGZKMUIfir7hxoeLWD3Hn35hpK6jogcDhnHu5J8ePOVMaoQ9rYXFpeWU1t5Zf39jc2rZ3dm9UlEhCGyTikWz5WFHOBG1opjltxZLi0Oe06Y/OM795S6VikbjW45h2QzwQrM8I1kbq2fudEOshwTy9mPR4sUOCSB/37AJy0KlXRQgip4xKVTcjnndSrrjQddAUBTBHvWe/d4KIJCEVmnCsVNtFse6mWGpGOJ3kO4miMSYjPKBtQwUOqeqm0/QTeGSUAPYjaZ7QcKp+30hxqNQ49M1kllX99jLxL6+d6H61mzIRJ5oKMjvUTzjUEcyqgAGTlGg+NgQTyUxWSIZYYqJNYXlTwtdP4f+kUXI8x70qF2pn8zZy4AAcgiJwQQXUwCWogwYg4A48gCfwbN1bj9aL9TobXbDmO3vgB6y3TwBOlSA=</latexit><latexit sha1_base64="ESeWGPgd5P5TxbhvfAyQyCq1LGQ=">AAAB/HicdVDLSgMxFM34rPU1PnZugkWomyFTqu2Ai4IgLitYW2hLyWTSNjSTGZKMUIfir7hxoeLWD3Hn35hpK6jogcDhnHu5J8ePOVMaoQ9rYXFpeWU1t5Zf39jc2rZ3dm9UlEhCGyTikWz5WFHOBG1opjltxZLi0Oe06Y/OM795S6VikbjW45h2QzwQrM8I1kbq2fudEOshwTy9mPR4sUOCSB/37AJy0KlXRQgip4xKVTcjnndSrrjQddAUBTBHvWe/d4KIJCEVmnCsVNtFse6mWGpGOJ3kO4miMSYjPKBtQwUOqeqm0/QTeGSUAPYjaZ7QcKp+30hxqNQ49M1kllX99jLxL6+d6H61mzIRJ5oKMjvUTzjUEcyqgAGTlGg+NgQTyUxWSIZYYqJNYXlTwtdP4f+kUXI8x70qF2pn8zZy4AAcgiJwQQXUwCWogwYg4A48gCfwbN1bj9aL9TobXbDmO3vgB6y3TwBOlSA=</latexit>

Fl(·)
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Local Stage § 3.2

Figure 4: The iterative upsampling and refinement process
in the local geometry stage.

Based on the coarse meshM0 obtained from the global
stage, the local stage progressively produces meshes in
higher resolution and with finer details, {Mk}Lk=1. At each
level k, this process is done in two steps, as shown in Fig. 4:
(1) a fixed and differentiable upsampling operator to pro-
vide a reliable initialization for upsampled meshes, and (2)
a local refinement network to further improve the surface
details based on the input images.
Upsampling Operator. Ranjan et al. [45] propose a mesh
upsampling technique based on the barycentric embedding
of vertices in the lower-resolution mesh version. Directly
using this upsampling scheme results in unsmooth artifacts,
as the barycentric embedding contrains the upsampled ver-
tices to lie in the surface of the lower-resolution mesh. In-
stead, we use additional normal displacement weights as
shown in step 1 of Fig. 4. Given a sparser mesh Mk =
(Vk,Tk) and its per-vertex normal vectors Nk, we upsam-
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ple the mesh by

Ṽk+1 = QkVk + DkNk, (2)

where Qk ∈ RNk+1×Nk is the barycentric weight matrix as
in [45] and Dk−1 ∈ RNk+1×Nk is the additional coefficient
matrix that apply displacement vectors along normal direc-
tions. The normal displacements encode additional surface
details that allow vertices to be outside of the input surface.

For a hierarchy with L levels, we first downsam-
ple the full-resolution template mesh T = (V,T) :=
TL by isotropic remeshing and non-rigid registration,
into a series of meshes with decreasing resolution while
still preserving geometry and topology of original mesh:
{TL−1, TL−2, ..., T0}. Next, we embed the vertices at
higher resolution in the surface at lower resolution meshes
by barycentric coordinates Qk as in [45]. We then project
the remaining residual vectors onto the normal direction and
obtain Dk.
Local Refinement Network. Around each vertex (indexed
with j) of the upsampled mesh Ṽ

(j)
k+1, we define a smaller

grid than Gg in the global stage in the local neighbor-
hood G(j)l . We sample local volumetric features L

(j)
l by

Eq. 1. For each local feature volume, we apply the local
refinement network Φl, a 3D convolutional network with
skip connections, to predict per-vertex probability volume
C

(j)
l = Φl(L

(j)
l ). Then we compute the corrective vector

by the expectation operator, δV(j)
k+1 = E(C

(j)
l ). This pro-

cess is applied to all vertices independently, and therefore
can be parallelized in batches. Finally the upsampled and
refined mesh vertices are

Vk+1 = Ṽk+1 + δVk+1. (3)

GivenM0, we iteratively apply the local stage at all levels
until we reach the highest resolution and obtainML.

The volumetric feature sampling and the upsampling op-
erator, along with the networks are fully differentiable, en-
abling the progressive geometry network end-to-end train-
able from input images to dense registered meshes.

3.3. Appearance and Detail Capture

Skin detail and appearance maps are commonly used in
photo-realistic rendering, which is often difficult to estimate
without special capture hardware, such as the Light Stage
capture system [17]. We propose a simple yet effective
architecture to estimate high-resolution detail and appear-
ance maps, potentially without the dependency on special
appearance capture systems.
Albedo Maps Generation. The base meshes are recon-
structed for a smaller head region. We augment the base
meshes by additional fitting for the back of the head using
Laplacian deformation [53]. We then perform the standard
texturing given the completed mesh and multi-view images

and obtain the albedo reflectance map on the UV domain.
Furthermore, by applying the texturing process and sample
vertex locations instead of RGB colors, we obtain another
map on the UV domain, that we call the geometry map.
Detail Maps Synthesis. To further augment the represen-
tation, we adopt an image-to-image translation strategy to
infer finer-level details. Using a network similar to [62],
our synthesis network infers specular reflectances and dis-
placements given both albedo and geometry map. We then
upscale all the texture maps to 4K resolution by using the
super resolution strategy of [63]. We can obtain the detailed
mesh in high-resolution by applying the displacement maps
on the base mesh, as shown in Fig. 2. The reconstructed skin
detail and appearance maps are directly usable for standard
graphics pipelines for photo-realistic rendering.

4. Experiments

Datasets. ToFu is trained and evaluated on datasets cap-
tured with a Light Stage system [24, 42], with 3D scans
from MVS, ground truth base meshes from a traditional
mesh registration pipeline [39], and ground truth skin at-
tributes from the traditional light stage pipeline [17]. In
particular, we correct the ground truth base meshes with op-
tical flow and manual work of a professional artist, to ensure
high quality and high accuracy of registration. The dataset
contains 64 subjects (45 for train and 19 for test), covering
a wide diversities in gender, age and ethnicity. Each set of
capture contains a neutral face and 26 expressions, includ-
ing some extreme face deformations (e.g. mouth widely
open), asymmetrical motions (jaw to left/right) and subtle
expressions (e.g. concave cheek or eye motions).

Implementation Details. For the progressive mesh gen-
eration network, our feature extraction network adopts a
pre-trained UNet [48] with ResNet34 [28] as its backbone,
which predicts feature maps of same resolution of input im-
age with 8 channels. The volumetric features of the global
stage are sampled from a 323 grid with grid size of 10 mil-
limeters, the local stage uses a 83 grid with a grid size of 2.5
millimeters. We randomly rotate the grids for the volumet-
ric feature sampling as data augmentation during training.
The mesh hierarchy with L = 3 contains meshes with 341,
1194, 3412 and 10495 vertices. Both the global geometry
network and local refinement network use a similar archi-
tecture as the V2V network in [33]. Both stages are trained
separately. The global stage trains for 400K iterations with
a l2 loss

∥∥V0 − V̄0

∥∥2
2
, the local stage trains for 150K iter-

ations with a l2 loss combined across mesh hierarchy levels
with equal weights,

∑L
k=0

∥∥Vk − V̄k

∥∥2
2
, where V̄k is the

ground truth base mesh vertices for the predicted Vk at level
k. We train the progressive mesh generation network using
Adam optimizer with a learning rate of 1e − 4 and batch
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Figure 5: Qualitative comparison on geometric accuracy with the existing methods. The scan-to-mesh distance is visualized
in heatmap (red means > 5 mm). Note that 3DMM and DFNRMVS [4] need rigid ICP as post-processing. Our outputs
require no post-processing, while outperforming the existing learning-based method in geometry accuracy.

size of 2 on a single NVIDIA V100 GPU. For the detail
maps synthesis, we adopt the synthesis network from [62]
and the super-resolution network from ESRGAN [63]. For
more details, see the Sup. Mat.

4.1. Results

Baselines. We evaluate the performance of our base mesh
prediction and compare to the following existing methods:
(1) Traditional MVS and Registration: we run commer-
cial photogrammetry software AliceVision [2], followed by
non-rigid ICP surface registration. (2) 3DMM Regression:
we adopt a network architecture similar to [55, 56, 64] for
a multi-view setting. (3) DFNRMVS [4]: a method that
learns an adaptive model space and on-the-fly iterative re-
finements on top of 3DMM regression.

We argue that the two-step methods of MVS and reg-
istration is susceptible to MVS errors and requires man-
ual tweaking optimization parameters for different inputs,
which makes it not robust. Our method shows robustness
and generalizability for challenging cases, outperforms ex-
isting learning-based method and achieves the state-of-the-
art geometry and correspondence quality. Our method has
efficient run-time. We show various ablation studies to val-
idate the effectiveness of our design. We will provide more
comparison and results in the Sup. Mat.
Robustness. Fig. 6 show the results from various methods
given challenging inputs. Note that when the nose of the
subject (top case) is specular reflective (due to oily skin)
or has facial hair, the traditional MVS fails to reconstruct
the true surface, producing artifacts that affect the subse-
quent surface registration step. With conservative optimiza-
tion parameters (e.g. strong reliance on 3DMM), the re-
sult is more robust. However with the same parameters, it
affects the flexibility for fitting detailed shape and motion
for other input cases (e.g. bottom case). Furthermore, the
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Traditional MVS + registration OursDFNRMVS [4]
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Figure 6: Evaluation on method robustness.

extreme and asymmetrical motion is challenging for fitting
only within the morphable model. This case requires “ag-
gressive” fitting, in which less regularizations are applied.
Therefore we point out this dilemma of general parameters
in the traditional MVS and registration affects of automa-
tion and requires much manual work for high-quality re-
sults. The learning based method DFNRMVS [4] shows
potential for robustness and generalizability. However, they
cannot output meshes in accurate shape and expressions.
On the contrary, our model shows superior performances in
predicting a reliable mesh, given such challenging inputs.
Note that the details, such as closed eyelids and asymmetri-
cal mouth motion are faithfully captured.
Geometric Accuracy. Fig. 5 shows the inferred meshes
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Figure 7: Visualization on correspondence accuracy

given images from 15 views, along with error visualizations
with the reference scans. The 3DMM regression method
cannot fit extreme or subtle expressions (wide mouth open,
concave cheek and eye shut). The adaptive space and the
online refinement improve DFNRMVS [4] for a better fit-
ting, but it still lacks the accuracy to cover the geometric
details. Our method is capable of predicting base meshes
that closely fit the ground truth surfaces. The results recover
identities for the subjects and captures challenging expres-
sions such as extreme mouth opening or subtle non-linearity
of small muscles movement (concave cheek) which cannot
be modeled by linear 3DMMs. The overlay and error vi-
sualizations indicate that our reconstruction fits the ground
truth scan closely with fitting errors significantly below 5
millimeters. Due to not being able to utilize true projec-
tion parameters, the results of 3DMM regression and DFN-
RMVS [4] lack accuracy in absolute coordinate and need a
Procrustes analysis (scale and rigid pose) as post-processing
for further fitting to the target. In contrast, our method out-
performs these methods without post-processing.

As a quantitative evaluation, we measure the distribution
of scan-to-mesh distances. 78.3% of vertices by our meth-
ods have scan-to-mesh distance lower than 1 mm. This re-
sult outperforms the 3DMM regression which have 27.0%
and 33.1% (without and with post-processing). The median
scan-to-mesh distance for our results is 0.584 mm, achiev-
ing sub-millimeter performance. We show cumulative scan-
to-mesh distance curves in the Sup. Mat.
Correspondence Accuracy. We provide quantitative
measure for correspondence accuracy for generated base
meshes, by comparing them to the ground truth aligned
meshes (artist-generated in the same topology), and com-
pute the vertex-to-vertex (v2v) distances on a test set. The
3DMM regression method achieves a median v2v distance
of 3.66 mm / 2.88 mm (w/o and w/ post-processing).
Our method achieves 1.97 mm outperforming the exist-
ing method. The v2v distances are also visualized on the
ground truth mesh in Fig. 7. We additionally evaluate our
aligned meshes by the median errors to the ground truth
3D landmarks. Our method achieves 2.02 mm, while the

Ours Optical flowTraditional pipeline
(w/ manual adjust.)

Warped imageReference image Target image

Figure 8: Qualitative evaluation on correspondence com-
pared to optical flow.

Methods Time Automatic

Traditional pipeline 600+ 7
DFNRMVS [4] 4.5 3
ToFu (base mesh) 0.385 3

Table 1: Comparison on run time on base mesh, given im-
ages from 15 views and measured in seconds.

3DMM regression method achieves 3.92 mm / 3.21 mm
(w/o and w/ post-processing). We provide more quantita-
tive evaluations in the Sup. Mat.

We compute the photometric errors between the texture
map of the output meshes and the one of the ground truth
meshes. Lower photometric errors indicate the UV textures
match the pre-designed UV parametrization (i.e. better cor-
respondence). Our method has significantly lower errors,
especially in the eyebrow region, around the jaw and for
wrinkles around eyes and nose. Note that the 3DMM re-
gression method without post-processing performs worse,
while our method requires no post-processing.

In Fig. 8, we further evaluate the correspondence quality
by projecting it onto 2D images and warping the reference
image (extreme expression) back to target image (neutral
expression). The ideal warping outputs would be as close
to the target image as possible, except for shades as in wrin-
kles. We compare the performance with traditional pipeline
of MVS and registration (with manual adjustment) and the
traditional optical flow method. Our method recovers better
2D correspondence than optical flow, which relies on local
matching which tends to fail when occlusion and large mo-
tion, as shown in Fig. 8 (see lip regions). Further optical
flow takes 30 seconds on image resolution 1366 × 1003,
compared within 1 second based on our base meshes. The
traditional method achieves good results, but at a cost of 3
orders of magnitude longer of processing time and possibly
manual adjustment.
Inference Speed. The traditional pipeline takes more than
10 minutes and potentially more time for manual adjust-
ments. DFNRMVS [4] infers faces without tuning at test-
time but is still slower at 4.5 seconds due to its online op-
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Figure 9: Based on our reliable base meshes, our appear-
ance and detail capture network predicts realistic face skin
details and attributes, without special hardware such as
Light Stage at test-time, enabling photo-realistic rendering.
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Figure 10: Ablation studies. Left: number of input cam-
era views; Right: on normal displacement weights in mesh
upsampling function.

Figure 11: Results on CoMA [45] datasets.

timization step and heavy computation on the dense pho-
tometric term. Our global and local stage takes 0.081 sec-
onds and 0.304 seconds respectively. As shown in Table 1,
our method produces a high-quality registered base mesh in
0.385 seconds, and achieves sub-second performance, while
being fully automatic without manual tweaking.
Appearance Capture. In Fig. 1 and Fig. 9, we show ren-
dering results with the inferred displacement and albedo and
specular maps, enabling photo-realistic renderings.
Ablation Studies. In Fig. 10 (left), we evaluate the robust-
ness of our network on various numbers of input views. The
resulting quality degrades gracefully as the views decrease.
Our method produces reasonable results on views as sparse
as 4, which is extremely difficult for standard MVS due to
large baseline and little overlaps. Fig. 10 (right) demon-
strates the normal displacement in the upsampling function
contributes in capturing fine shape details. We provide more
ablation studies in the Sup. Mat.
Generalization to New Capture Setups. We finetune our
network on the CoMA [45] dataset, which contains a differ-
ent camera setup, significantly fewer views (4) and subjects
(12), different lighting conditions and special make-up pat-
terns painted on subjects’ faces. The results in Fig. 11 show

that our system can in principle be applied to the different
capture setups. However, we observe some artifacts around
jaws and slightly protruding eyebrow bones. This is po-
tentially due to limited number of subjects and insufficient
camera coverage (e.g. the 3rd image misses the jaw region).

5. Conclusion

We introduced a 3D face inference approach from multi-
view input images that can produce high-fidelity 3D faces
meshes with consistent topology using a volumetric sam-
pling approach. We have shown that, given multi-view in-
puts, implicitly learning a shape variation and deformation
field can produce superior results, compared to methods that
use an underlying 3DMM even if they refine the resulting
inference with an optimization step. We have demonstrated
sub-millimeter surface reconstruction accuracy, and state-
of-the-art correspondence performance while achieving up
to 3 orders of magnitude of speed improvement over con-
ventional techniques. Most importantly, our approach is
fully automated and eliminates the need for data clean up af-
ter MVS, or any parameter tweaking for conventional non-
rigid registration techniques. Our experiments also show
that the volumetric feature sampling can aggregate effec-
tively features across views at various scales and can also
provide salient information for predicting accurate align-
ment without the need for any manual post-processing. Our
next step is to extend our approach to regions beyond the
skin region, including teeth, tongue, and eyes. We believe
that our volumetric digitization framework can handle non-
parametric facial surfaces, which could potentially elimi-
nate the need for specialized shaders and models in con-
ventional graphics pipelines. Furthermore, we would like
to explore video sequences, and investigate ways to ensure
temporal coherency in fine-scale surface deformations. Our
model is suitable for articulated non-rigid objects such as
human bodies, which motivates us to look into more gen-
eral shapes and objects such as clothing and hair.
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Christian Rössl, and H-P Seidel. Laplacian surface editing.
In Proceedings of the 2004 Eurographics/ACM SIGGRAPH
symposium on Geometry processing, pages 175–184, 2004.
5

[54] Ayush Tewari, Florian Bernard, Pablo Garrido, Gaurav
Bharaj, Mohamed Elgharib, Hans-Peter Seidel, Patrick
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A. Appendix
Supplemental Video. Please see the video on the project
page: https://tianyeli.github.io/tofu.
Additional Quantitative Results. Tab. 2 provides ad-
ditional quantitative comparisons to other learning based
methods, namely 3DMM regression and DFNRMVS [4].
Fig. 13 shows the cumulative error curves for scan-to-mesh
distances among the methods. All methods are evaluated
on a common held-out test set with 499 ground truth 3D
scans; no data of test subjects are used during training. The
geometric reconstruction accuracy is evaluated using scan-
to-mesh distance (s2m) that measures the distance between
each vertex of a ground truth scan, and the closest point
in the surface of the reconstructed mesh. The correspon-
dence accuracy is evaluated using a vertex-to-vertex dis-
tance (v2v) that measures the distance between each ver-
tex of a registered ground truth mesh, and the semantically
corresponding point in the reconstructed mesh.

Methods median s2m median v2v
3DMM Regr. 2.104 3.662
3DMM Regr. (PP) 1.659 2.890
DFNRMVS [4] (PP) 1.885 4.565
Our Method 0.585 1.973

Table 2: Comparison on geometry accuracy (median s2m),
correspondence accuracy (median v2v) among the learn-
ing based methods, measured in millimeters. “PP” denotes
the result after a post-processing Procrustes alignment that
solves for the optimal rigid pose (i.e. 3D rotation and trans-
lation) and scale to best align the reconstructed mesh with
the ground truth. Note that our method requires no post-
processing.

Our method outperforms (w/o post-processing) the ex-
isting methods (w/ and w/o post-processing) in terms of ge-
ometric reconstruction quality and the quality of the corre-
spondence. Note that while the distance of DFNRMVS [4]
is higher than for the 3DMM regression, DFNRMVS [4] is
visually better in most regions. Their reconstructed meshes
tend to have large errors in the forehead and in the jaw areas,
as shown in Fig. 16, due to a different mask definition for
their on-the-fly deep photo-metric refinement. Fig. 5 in the
paper shows that our methods produces significantly better
reconstructions than DFNRMVS [4] across the entire face.
Additional Qualitative Results. We evaluate our trained
model on a multi-view video sequence with 8 calibrated
and synchronized views, captured at 30 fps. We apply our
progressive mesh generation network in a frame-by-frame
manner, without applying any temporal smoothing. Fig. 12
shows that our base mesh well captures the extreme expres-
sions, and it aligns well with the input images. Despite
being trained on static images only, the resulting recon-

struction is temporally stable, as shown in the supplemental
video. Fig. 20 shows additional base mesh reconstructions
for different static multi-view images of varying subjects
in different expressions. Our method reconstructs the face
shape and expression well, closely to the ground truth scans.
We show more visualizations in the supplemental video.
Impact of Local Refinements. Fig. 14 shows the cumula-
tive error curves for scan-to-mesh distances among the local
stages. Given the coarse meshM0 as output of the global
stage, each local stage successively increases the mesh res-
olution and refines the vertex locations. Fig. 17 demon-
strates the effect of each local refinement step. As shown
in Fig. 17, the quality of the reconstructed mesh improves
after each local stage, while the scan-to-mesh distance to
the scan reduces. Note that details such as nose corners and
lips gradually improve through the local stages.
More Ablation on Number of Views. Fig. 15 shows the
cumulative error curves for scan-to-mesh distances for net-
works with different number of input views.
More Results on Appearance and Detail Capture.
Fig. 21 shows additional results of the appearance enhance-
ment network, which predicts normal displacements and ad-
ditional albedo and specular maps on top of the predicted
base mesh M (see Fig. 2 of the paper). Our reconstruc-
tion pipeline (i.e. base mesh reconstruction and appearance
and detail capture) enables us to reconstruct a 3D face with
high-quality assets, 2 to 3 orders of magnitude faster than
existing methods, which can readily be used for photoreal-
istic rendering.
Results on Clothed Human Body Datasets. While we
focus on face mesh in correspondence, we find that our
method can also predict clothed full body meshes in cor-
respondence. We test our method on a dataset of human
bodies as shown in Fig. 19. Human bodies are challeng-
ing due to large pose variations and occlusions. Given the
challenging inputs, our methods still outputs detailed geom-
etry which closely fit the ground truth surfaces with small
scan-to-mesh distances, shown in Fig. 19. Checkerboard
projection also shows the accuracy of semantic correspon-
dence among extreme poses. The results demonstrate the
flexibility of our method for highly articulated and diverse
surfaces.
Albedo. While the input images in our datasets are dif-
fuse albedo images, obtained with polarized lighting and
cameras [24, 42], the results, shown in the paper, indicate
that our system can be adapted to non-lightstage setups, e.g.
capture system of CoMA [45]. The appearance capture net-
work learns the mapping between albedo images and the
details of specular reflectance and fine geometry, as “image-
to-image translation”. This synthesis is reasonable since the
input images contain pore-level details and the outputs are
pixel-aligned. However, imperfect albedo images can po-
tentially contain more information on specularity, which in
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Figure 12: Base mesh reconstruction for a multi-view video sequence overlaid on the video frames. Our method captures
the facial performance well. The result meshes are temporally stable and accurately align with the input images. Visualizing
with a shared checkerboard texture indicates good tracking quality. Please see the supplemental video for better visualization.

principle can guide the systhesis network to better recover
details. This is an interesting perspective and we will ex-
plore it as future work.
The E Operator. Let B be batch size and N be ver-
tex number. Given a feature volume Lg from the global
volumetric feature sampling, the global geometry network
(3D ConvNet) predicts a probability volume Cg of size
(B,N, 32, 32, 32), whose N -channel is ordered in a pre-
defined vertex order. Finally the soft arg-max operator E
computes the expectations on Cg per channel, and outputs
vertices of shape (B,N, 3) corresponding to the predefined
order.

On Dense Correspondence. Dense correspondence across
identities and expressions is a challenging task [12, 40].
Cross-identity dense correspondence is fundamentally dif-
ficult to define beyond significant landmarks, especially in
texture-less regions. The state-of-the-art methods rely on
landmarks and propagate the dense correspondence by sta-
tistical (3DMM) or physical constraints (Laplacian regular-
ization) in a carefully designed optimization process with
manual adjustments. Cross-expression correspondence,
however definable, can be enforced by photometric consis-
tency (optical flow or differentiable rendering). Our ground
truth datasets utilized all these state-of-the-art strategies and
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Figure 13: Quantitative evaluation by cumulative error
curves for scan-to-mesh distances among learning based
methods.
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Figure 14: Quantitative evaluation by cumulative error
curves for scan-to-mesh distances among local refinement
stages.

therefore can be regarded as one of the best curated datasets.
With the “best” ground truth one can get as now, we trained
our network in a supervised manner to the ground truth
meshes (same topology) with equal vertex weights. Mea-
suring the distances to the ground truth (v2v and land-
mark errors) gives informative and reliable cross-expression
evaluations on dense correspondence quality. Furthermore,
photometric error visualizations on a shared UV map (as in
the main paper) and the stable rendering of reconstructed
sequence as in Fig. 12 both qualitatively shows high quality
of cross-expression correspondence.

However, quantitative evaluating cross-identity dense
correspondence is by nature difficult. These two metrics
above indirectly measure for cross-subject correspondence.
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Figure 15: Quantitative evaluation by cumulative error
curves for scan-to-mesh distances among various numbers
of views.
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<latexit sha1_base64="D2sfuoMv9f6o7dwVj1o7xu+3qkM=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zM79xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFoEkxE=</latexit><latexit sha1_base64="D2sfuoMv9f6o7dwVj1o7xu+3qkM=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zM79xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFoEkxE=</latexit><latexit sha1_base64="D2sfuoMv9f6o7dwVj1o7xu+3qkM=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zM79xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFoEkxE=</latexit><latexit sha1_base64="D2sfuoMv9f6o7dwVj1o7xu+3qkM=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zM79xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFoEkxE=</latexit>

M1<latexit sha1_base64="9961BO8BQicULsl4YRVqZDjEOpo=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zMn9xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFuIkxI=</latexit><latexit sha1_base64="9961BO8BQicULsl4YRVqZDjEOpo=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zMn9xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFuIkxI=</latexit><latexit sha1_base64="9961BO8BQicULsl4YRVqZDjEOpo=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zMn9xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFuIkxI=</latexit><latexit sha1_base64="9961BO8BQicULsl4YRVqZDjEOpo=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zMn9xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFuIkxI=</latexit>

M2<latexit sha1_base64="WUOrT79qEhCzpthfO7XeNObaoaQ=">AAAB93icbVBNS8NAFHzxs9aPVj16WSyCp5IUQQUPBS9ehArGFtoQNttNu3SzCbsboYb8Ei8eVLz6V7z5b9y0OWjrwMIw8x5vdoKEM6Vt+9taWV1b39isbFW3d3b3avX9gwcVp5JQl8Q8lr0AK8qZoK5mmtNeIimOAk67weS68LuPVCoWi3s9TagX4ZFgISNYG8mv1wYR1mOCeXab+1kr9+sNu2nPgJaJU5IGlOj49a/BMCZpRIUmHCvVd+xEexmWmhFO8+ogVTTBZIJHtG+owBFVXjYLnqMTowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm66qpgRn8cvLxG01L5vO3VmjfVW2UYEjOIZTcOAc2nADHXCBQArP8Apv1pP1Yr1bH/PRFavcOYQ/sD5/AF0MkxM=</latexit><latexit sha1_base64="WUOrT79qEhCzpthfO7XeNObaoaQ=">AAAB93icbVBNS8NAFHzxs9aPVj16WSyCp5IUQQUPBS9ehArGFtoQNttNu3SzCbsboYb8Ei8eVLz6V7z5b9y0OWjrwMIw8x5vdoKEM6Vt+9taWV1b39isbFW3d3b3avX9gwcVp5JQl8Q8lr0AK8qZoK5mmtNeIimOAk67weS68LuPVCoWi3s9TagX4ZFgISNYG8mv1wYR1mOCeXab+1kr9+sNu2nPgJaJU5IGlOj49a/BMCZpRIUmHCvVd+xEexmWmhFO8+ogVTTBZIJHtG+owBFVXjYLnqMTowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm66qpgRn8cvLxG01L5vO3VmjfVW2UYEjOIZTcOAc2nADHXCBQArP8Apv1pP1Yr1bH/PRFavcOYQ/sD5/AF0MkxM=</latexit><latexit sha1_base64="WUOrT79qEhCzpthfO7XeNObaoaQ=">AAAB93icbVBNS8NAFHzxs9aPVj16WSyCp5IUQQUPBS9ehArGFtoQNttNu3SzCbsboYb8Ei8eVLz6V7z5b9y0OWjrwMIw8x5vdoKEM6Vt+9taWV1b39isbFW3d3b3avX9gwcVp5JQl8Q8lr0AK8qZoK5mmtNeIimOAk67weS68LuPVCoWi3s9TagX4ZFgISNYG8mv1wYR1mOCeXab+1kr9+sNu2nPgJaJU5IGlOj49a/BMCZpRIUmHCvVd+xEexmWmhFO8+ogVTTBZIJHtG+owBFVXjYLnqMTowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm66qpgRn8cvLxG01L5vO3VmjfVW2UYEjOIZTcOAc2nADHXCBQArP8Apv1pP1Yr1bH/PRFavcOYQ/sD5/AF0MkxM=</latexit><latexit sha1_base64="WUOrT79qEhCzpthfO7XeNObaoaQ=">AAAB93icbVBNS8NAFHzxs9aPVj16WSyCp5IUQQUPBS9ehArGFtoQNttNu3SzCbsboYb8Ei8eVLz6V7z5b9y0OWjrwMIw8x5vdoKEM6Vt+9taWV1b39isbFW3d3b3avX9gwcVp5JQl8Q8lr0AK8qZoK5mmtNeIimOAk67weS68LuPVCoWi3s9TagX4ZFgISNYG8mv1wYR1mOCeXab+1kr9+sNu2nPgJaJU5IGlOj49a/BMCZpRIUmHCvVd+xEexmWmhFO8+ogVTTBZIJHtG+owBFVXjYLnqMTowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm66qpgRn8cvLxG01L5vO3VmjfVW2UYEjOIZTcOAc2nADHXCBQArP8Apv1pP1Yr1bH/PRFavcOYQ/sD5/AF0MkxM=</latexit>

M3 = M
<latexit sha1_base64="njl0vgQHFCGraQMuXfcGoVOq72A=">AAACBXicbVBNS8NAEJ3Ur1q/oh5FWCyCp5KooIJCwYsXoYKxhTaUzXbTLt18sLsRSsjJi3/FiwcVr/4Hb/4bN20OtfXBwOO9GWbmeTFnUlnWj1FaWFxaXimvVtbWNza3zO2dBxklglCHRDwSLQ9LyllIHcUUp61YUBx4nDa94XXuNx+pkCwK79Uopm6A+yHzGcFKS11zvxNgNSCYp7dZNz3J0BWaVsyqVbPGQPPELkgVCjS65nenF5EkoKEiHEvZtq1YuSkWihFOs0onkTTGZIj7tK1piAMq3XT8RoYOtdJDfiR0hQqN1emJFAdSjgJPd+YnylkvF//z2onyz92UhXGiaEgmi/yEIxWhPBPUY4ISxUeaYCKYvhWRARaYKJ1cRYdgz748T5zj2kXNvjut1i+LNMqwBwdwBDacQR1uoAEOEHiCF3iDd+PZeDU+jM9Ja8koZnbhD4yvX1qVmJg=</latexit><latexit sha1_base64="njl0vgQHFCGraQMuXfcGoVOq72A=">AAACBXicbVBNS8NAEJ3Ur1q/oh5FWCyCp5KooIJCwYsXoYKxhTaUzXbTLt18sLsRSsjJi3/FiwcVr/4Hb/4bN20OtfXBwOO9GWbmeTFnUlnWj1FaWFxaXimvVtbWNza3zO2dBxklglCHRDwSLQ9LyllIHcUUp61YUBx4nDa94XXuNx+pkCwK79Uopm6A+yHzGcFKS11zvxNgNSCYp7dZNz3J0BWaVsyqVbPGQPPELkgVCjS65nenF5EkoKEiHEvZtq1YuSkWihFOs0onkTTGZIj7tK1piAMq3XT8RoYOtdJDfiR0hQqN1emJFAdSjgJPd+YnylkvF//z2onyz92UhXGiaEgmi/yEIxWhPBPUY4ISxUeaYCKYvhWRARaYKJ1cRYdgz748T5zj2kXNvjut1i+LNMqwBwdwBDacQR1uoAEOEHiCF3iDd+PZeDU+jM9Ja8koZnbhD4yvX1qVmJg=</latexit><latexit sha1_base64="njl0vgQHFCGraQMuXfcGoVOq72A=">AAACBXicbVBNS8NAEJ3Ur1q/oh5FWCyCp5KooIJCwYsXoYKxhTaUzXbTLt18sLsRSsjJi3/FiwcVr/4Hb/4bN20OtfXBwOO9GWbmeTFnUlnWj1FaWFxaXimvVtbWNza3zO2dBxklglCHRDwSLQ9LyllIHcUUp61YUBx4nDa94XXuNx+pkCwK79Uopm6A+yHzGcFKS11zvxNgNSCYp7dZNz3J0BWaVsyqVbPGQPPELkgVCjS65nenF5EkoKEiHEvZtq1YuSkWihFOs0onkTTGZIj7tK1piAMq3XT8RoYOtdJDfiR0hQqN1emJFAdSjgJPd+YnylkvF//z2onyz92UhXGiaEgmi/yEIxWhPBPUY4ISxUeaYCKYvhWRARaYKJ1cRYdgz748T5zj2kXNvjut1i+LNMqwBwdwBDacQR1uoAEOEHiCF3iDd+PZeDU+jM9Ja8koZnbhD4yvX1qVmJg=</latexit><latexit sha1_base64="njl0vgQHFCGraQMuXfcGoVOq72A=">AAACBXicbVBNS8NAEJ3Ur1q/oh5FWCyCp5KooIJCwYsXoYKxhTaUzXbTLt18sLsRSsjJi3/FiwcVr/4Hb/4bN20OtfXBwOO9GWbmeTFnUlnWj1FaWFxaXimvVtbWNza3zO2dBxklglCHRDwSLQ9LyllIHcUUp61YUBx4nDa94XXuNx+pkCwK79Uopm6A+yHzGcFKS11zvxNgNSCYp7dZNz3J0BWaVsyqVbPGQPPELkgVCjS65nenF5EkoKEiHEvZtq1YuSkWihFOs0onkTTGZIj7tK1piAMq3XT8RoYOtdJDfiR0hQqN1emJFAdSjgJPd+YnylkvF//z2onyz92UhXGiaEgmi/yEIxWhPBPUY4ISxUeaYCKYvhWRARaYKJ1cRYdgz748T5zj2kXNvjut1i+LNMqwBwdwBDacQR1uoAEOEHiCF3iDd+PZeDU+jM9Ja8koZnbhD4yvX1qVmJg=</latexit>

M0
<latexit sha1_base64="D2sfuoMv9f6o7dwVj1o7xu+3qkM=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zM79xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFoEkxE=</latexit><latexit sha1_base64="D2sfuoMv9f6o7dwVj1o7xu+3qkM=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zM79xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFoEkxE=</latexit><latexit sha1_base64="D2sfuoMv9f6o7dwVj1o7xu+3qkM=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zM79xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFoEkxE=</latexit><latexit sha1_base64="D2sfuoMv9f6o7dwVj1o7xu+3qkM=">AAAB93icbVBNS8NAFHypX7V+tOrRy2IRPJVEBBU8FLx4ESoYW2hD2Gw37dLNJuxuhBryS7x4UPHqX/Hmv3HT5qCtAwvDzHu82QkSzpS27W+rsrK6tr5R3axtbe/s1ht7+w8qTiWhLol5LHsBVpQzQV3NNKe9RFIcBZx2g8l14XcfqVQsFvd6mlAvwiPBQkawNpLfqA8irMcE8+w29zM79xtNu2XPgJaJU5ImlOj4ja/BMCZpRIUmHCvVd+xEexmWmhFO89ogVTTBZIJHtG+owBFVXjYLnqNjowxRGEvzhEYz9fdGhiOlplFgJouYatErxP+8fqrDCy9jIkk1FWR+KEw50jEqWkBDJinRfGoIJpKZrIiMscREm65qpgRn8cvLxD1tXbacu7Nm+6psowqHcAQn4MA5tOEGOuACgRSe4RXerCfrxXq3PuajFavcOYA/sD5/AFoEkxE=</latexit>
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M3 = M
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Figure 17: Inferred meshes for global stage M0 and after
upsampling and refinement for each local stage Mi (1 ≤
i ≤ 3).

Here we show additional visualizations by rendering in-
ferred meshes in a shared checkerboard texture and high-
lighting some facial landmarks in Fig. 18. The meshes in-
ferred by ToFu preserve dense semantic correspondences
across subjects and expressions, as shown by the landmarks
and the uniquely textured regions.
Implementation Details. The appearance enhancement
synthesis network uses as similar architecture and losses as
proposed by Wang et al. [62]. We train the global generator
and 2 multi-scale discriminators at resolution of 512× 512.
The main difference is that we extract features from two in-
puts separately before concatenating them and feeding into
the convolutional back-end so that we can better encode
useful features correspondingly. The network is trained us-
ing an Adam optimizer with learning rate of 2e−4 (decayed
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Figure 18: Visualization of cross-subject dense correspon-
dence of the base meshes inferred by ToFu in a shared
checkerboard texture.
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Figure 19: Our system can also infer clothed human body
surfaces in consistent topology.

from 100 epoch) and batch size of 32 on a NVIDIA GeForce
GTX 1080 GPU. For further enhancement, we trained a sep-
arate super-resolution network, upsampling attribute maps
from 512 to 4K resolution. We modify the network design
from ESRGAN [63] by expanding the number of Residual
in Residual Dense Blocks (RRDB) from 23 to 32, enabling
the upsampling capacity from 4× to 8× in a single pass.
The super-resolution network is trained with learning rate
of 1e− 4 (halved at 50K, 100K, 200K iterations) and batch
size of 16 on two NVIDIA GeForce GTX 1080 GPUs.
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Figure 20: More results of reconstructed meshes in dense correspondence. The scan-to-mesh distance is visualized color
coded on the reference scan, where red denotes an error above 5 millimeters.
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Figure 21: Our method can generate reliable base alignment meshes, on top of which a comprehensive face modeling pipeline
can be built. Here we show more rendering with inferred normal displacements and additional albedo and specular maps.
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